Introduction
Forest-based supply chain is dependent upon plantations capable of producing high quality trees at the end of rotation. This requires frequent monitoring of the forest conditions, which is traditionally made with aid of forest biophysical parameters sampled during forest inventories. Parameters such as timber volume, basal area and height are required for effective and successive resource management (Zimble et al., 2003; Chubey et al., 2006; Gunlu et al., 2014) being essential in all levels of forest management planning (Baskent et al., 2005) . However, due to high costs, traditional forest sampling (although highly accurate) generally comprises less than 3% of the total area (Trotter et al., 1997) often from priority stands. Some information for those areas not inventoried can potentially be obtained by medium and high spatial resolution satellite images (Ardo, 1992; Trotter et al., 1997; McDonald et al., 1998; Gunlu et al., 2014) . Satellite images have been used as an essential component in the development of new tools for forest management (Chiavetta et al., 2008; Zakaria, 2010) , bringing new opportunities to monitor forests with reasonable costs and time (Gunlu et al., 2014) .
Imagery from Landsat series have been used historically for estimating biophysical parameters of vegetation (Boyd & Danson, 2005; Williams et al., 2006) . However, users have been experiencing some constraints if Landsat images over the years [2011] [2012] [2013] are required, as Landsat 5 was retired in 2011 (Nasa, 2014) and the ETM+ sensor aboard Landsat 7 has technical challenges to be addressed due to the scan line corrector off (Markham et al., 2004; Xiaolin & Desheng, 2014) . Despite Landsat 8 became fully operational in 2013 (Nasa, 2014) , difficulties in using Landsat images over 2011-2013 period have highlighted the importance to investigate other potential substitutes (Chen et al., 2013) .
There is a need and demand for satellite observations from moderate spatial resolution sensors (10-100 m), such as the ones aboard Landsat (Goward et al., 2009 (Goward et al., , 2011 , as they are adequate for global studies and detailed enough to monitor human scale processes (Xiaolin & Desheng, 2014) . IRS series (Indian Remote Sensing Satellites) have been pointed out as an alternative option (Chander & Stensaas, 2008; Wulder et al., 2008; Gill et al., 2012) , for comparable observations of Earth´s surface (Goward et al., 2012; Berra et al., 2014) .
LISS-III sensor (Linear Imaging Self Scanner-III), aboard ResourceSat-1 IRS satellite, has been pointed out as the sensor that provided the best combination with TM/Landsat 5 in terms of spectral bands and data accessibility (Chander & Stensaas, 2008; Teillet & Ren, 2008; Berra et al., 2014) .
Although ResourceSat and Landsat sensors` radiometric performances have been compared (Chander & Stensaas, 2008; Anderson et al., 2011; Gill et al., 2012) there is no study, to our knowledge, comparing the performance of LISS-III with TM for estimating forest biophysical parameters. This motivates research on their potential application within the forestry field, investigations which could allow one same phenomenon or feature to be observed at different scales.
The aim of this study is to estimate timber volume from a slash pine stand by using images from both LISS-III/ResourceSat-1 and TM/Landsat 5 sensors, cross comparing their performances. Spectral reflectance values from the four spectral bands considered equivalent to both sensors were compared regarding their sensitivity to change in timber volume.
Methods

Study area and fieldwork
The study was conducted within stands of slash pine (Pinus elliottii Engelm.) distributed in 12,000 ha covering c. 15 km of coastline located in the most south state of Brazil (Figure 1 . Slash pine plantation in Rio Grande do Sul State, Brazil, imaged by the sensors TM/ Landsat 5 (path-row 221/83) and LISS-III/ResourceSat 1 (path-row 328/103).). The climate of the region, according to Koppen-Geiger classification system, is humid subtropical (Cfa). The region has an average air temperature of 23.1 °C in summer and 13.4 °C in winter and average annual rainfall of 1,155.6 mm (Centro Estadual de Meteorologia, 2011). The relief is rather plain (Sistema…, 1999) , rising only a few meters above the sea level (Weber et al., 2004) . The Quartzipsamment soil type is characteristic of the area (Sistema…, 1999) . A forest inventory was conducted over selected stands, data which were used to validate the satellitederived information. The survey was carried out during September and October 2010 in young slash pine stands aged between 5 and 8 years old. The inventory systematically allocated one sampling unit (SU) at every 6 ha, totalizing 111 SUs. Each SU had a fixed area of 420 m 2 , with sides proportional to a 2 x 3 m planting spacing, which in turn resulted in c. 70 trees measured per SU. For every tree within a SU, diameter at breast height (dbh) and total tree height (h) were measured; Dbh and h were then used to estimate timber volume (V) in m³.ha -1 (Equation 1) within each SU. As form factors were not known, a general value of 0.5 was assumed in Equation (1). The calculated timber volume values ranged from 3.2 to 200.3 m³.ha (1) V = timber volume (m³.ha -1 ), dbh = diameter at breast height (m), h = total tree height (m), n = number of trees measured.
The geographical coordinates of each SU (centre) were collected by a Garmin's eTtrex Legend® GPS. Chander & Stensaas (2008) . Only the spectral bands considered equivalents to both sensors were selected in our study: green (B2), red (B3), nearinfrared (NIR) (B4) and mid-infrared (MIR) (B5). Source: (Chander et al., 2009; Nasa, 2014) .
Satellite images
TM/Landsat 5 (path-row 221/83 of September 7 th , 2010) and LISS-III/ResourceSat-1 images (path-row 328/103 of September 26 th , 2010) were selected for this study (Figure 1 ), as these dates coincided with the forest inventory. The original images' pixel values were firstly converted to absolute units of at-sensor spectral radiance (Chander et al., 2009 ) and thereafter to surface reflectance using the module FLAASH (Fast Line-ofsight Atmospheric Analysis of Spectral Hypercubes) available with ENVI software.
Reflectance images were georeferenced based on 12 ground control points collected with a GARMIN eTrex Legend® GPS (planimetric errors < 6 m), which yielded a RMSE (Root Mean Square Error) of less than 0.5 pixel. Bilinear resampling technique was chosen to warp the data, as a SU area could be intersected by more than one pixel. Pixels which intersected the SU`s central coordinate were selected and their reflectance were extracted.
Data analysis and estimation of timber volume
The relationships between spectral reflectance and timber volume were first analysed with aid of scatter plots, fitted by regression curves. Equivalent bands were submitted to z-test (Montgomery et al., 2006) in order to test for significant differences (Z > |1.96|), at a confidence level of 95%.
Regression analysis was used to determine the spectral bands (independent variables) that best estimate timber volume (dependent variable). Selection of the best equation, for each sensor, was based on adjusted coefficient of determination (R 2 adj.
), standard error of estimate (S yx ), calculated F value, bias and residuals distribution (Orue, 2002; Watzlawick et al., 2009; Berra et al., 2012) .
Selected equations were thereafter used to generate timber volume maps over 22 compartments of slash pine. In addition to these maps, timber volumes estimated by LISS-III and TM were compared at pixel and stand level with aid of scatter plots. The relative difference was also analysed ((LISS-III -TM)/TM). At pixel level, the 111 pixels intersecting the corresponding 111 SUs were selected. At stand level, mean value of timber volume within each compartment was calculated. Finally, differences in mean timber volume estimated by the two sensors were tested by ANOVA (Analysis of variance), with 95% confidence interval.
Results
Scatter plots between timber volume and spectral reflectance from TM and LISS-III imagery pointed out similar trends (Figure 2 ). Direct and linear relationships were observed with NIR bands and curvilinear and inverse relationships with the other bands. TM data set presented linear correlation coefficient (r) values smaller than those obtained with LISS-III. However, differences were only statistically significant with the green band (B2) (Z = 2.31).
All the equations tested to estimate timber volume were significant at a confidence interval greater than 99% (Table 2) . Multiple linear equations returned the best fits (N. 5/LISS-III and N. 10/TM, values obtained with LISS-III were higher than those obtained with TM, except for the equation that used B4. However, differences were only statistically significant between equations that used the equivalent green bands (B2).
The bias values suggest underestimation of timber volumes (Table 2) . However, the analysis of residuals within the range of timber volumes inventoried (3.7 to 200.3 m³.ha , which correspond to trees that are 7-8 years old, ages which coincide with the starting of total closure of canopies.
Maps of slash pine timber volume were generated by using the best fitted equations (N. 5 and N. 10, Table 2 ). By visual interpretation, TM-based estimates have generated a higher timber volume than the LISS-III-based ones. This trend is also confirmed by the quantitative information extracted from the maps ( Figure  3 ).
The comparison of timber volume estimated by LISS-III and TM images at pixel level shows data pairs are generally distributed around 1:1 line, but with a dominance of points above this line (66% of the total) (Figure 4a ). The relative differences (Figure 4c ) best illustrates this fact, where the predominance of negative values indicates that LISS-III estimated smaller timber volumes than TM (12% less, on average). However, these differences were found to be not statistically. Comparisons at stand level (22 stands) showed that 82% of the points (18 points) were above the 1:1 line (Figure 4b ). This in turn resulted in a predominance of negative values in the relative difference plot (Figure  4d ), as LISS-III estimated smaller timber volumes than TM (11% less, on average). The differences were not statistically different. Equations estimate the natural logarithm of timber volume; N. = number of regression equation; ** Significant at 0.000, F = calculated value; R² adj. = adjusted coefficient of determination; Syx = standard error of the estimate; Bias = mean of residual biases; B2 = green spectral band; B3 = red spectral band; B4 = near-infrared spectral band; B5 = mid-infrared spectral band. 
Discussion
Tree stems growth in height and diameter results in increased timber volume. This in turn increases the amount of green leaves in the canopy (this is valid for young stands) and modifies the signal intensity detected by the sensors LISS-III and TM (Figure 2 ). In the visible bands (B2 and B3), the increasing in timber volume caused a reduction in reflectance, which might be attributed to the increased absorption of visible radiation by leaf pigments (Gates, 1970; Myers et al., 1970; Woolley, 1971) , resulting in negative slopes; a similar trend is observed with the mid-infrared band (B5), but increased absorption can be attributed to the presence of water in the living tissues (Gates, 1970; Woolley, 1971) . On the other hand, NIR reflectance (B4) increased with increasing timber volumes, what can be explained by a strong scattering and weak absorptance by canopy leaves over this spectral region (Gausman et al., 1969; Woolley, 1971) , occasioning a positive slope. Figure  2 shows that LISS-III and TM spectral bands detected changes of timber volume in a similar way.
Previous studies that examined associations between field and optical satellite imagery data over forest areas found inverse relationships between forest biophysical parameters and visible and MIR spectral bands (Franklin, 1986; Ripple et al., 1991; Ardo, 1992; Berra et al., 2012) , while varied relationships were found when using NIR band (Franklin, 1986; Spanner et al., 1990; Puhr & Donoghue, 2000) . The direct relationship found between NIR and timber volume in this study can be attributed to two key factors characterizing the slash pine plantation: age and type of management. Studies which reported an inverse relationship between NIR band and forest biophysical parameters attributed this fact due mainly to the presence of understory and/or shading (Ripple et al., 1991; Trotter et al., 1997; Puhr & Donoghue, 2000) . Spanner et al. (1990) found a strong positive linear relationship between LAI (leaf area index) and NIR radiance only in stands which had little or no contribution from understory.
The forest stands under study were managed to not allow growth of understory vegetation, practice which resulted in a background class totally covered by litterfall. Therefore, when analysing the spectral response within this stand, and bearing in mind the concept of pixel mixture (Shimabukuro & Smith, 1991) , it would be expected that: 1) the spectral reflectance of the vegetation portion within a pixel should be only due to the overstory (slash pine's canopy); 2) the spectral reflectance of the soil portion should be due to the litterfall layer, since it completely covers the sandy soil, 3) Shadow effects, which reduce radiance measured by a sensor (Franklin, 1986; Spanner et al., 1990) , should be minimal since young plantations do not present fully canopy closure (for most SUs); in addition, trees (same age and species within a compartment) presented relative homogeneous heights, i.e., all canopies were in the same stratum, therefore preventing one canopy to shade each other with great intensity (as usually occurs with native forests and older commercial plantations). Besides that, the area is rather flat, which eliminates shadowing due to terrain slope.
Therefore, the absence of understory, relative little shading, a constant layer of litterfall and open canopy in most SUs acted together to increase NIR reflectance values with increasing timber volumes (Figure 2 ). When vegetation canopy is not totally closed, the spectral signal is composed by the brightness of either soil or understory, modified by the amount of vegetation covering it (Franklin, 1986) . The wide spectral radiance of stands with small timber volumes (< 150 m 3 .ha -1 ) can be partially explained by the smaller amount of shade, which will result in a greater contribution to the spectral radiance coming from the soil and from vegetation cover (Ardo, 1992) .
Spectral reflectance values tended to saturate from c. 150 m 3 .ha -1 over the slash pine area, as detected by both LISS-III and TM imagery (Figure 2) . Values around and above 150 m 3 .ha -1 come from stands with 7 to 8 years, ages which coincided with the beginning of the complete canopy closure. From this point onwards, the influence of the background class (litterfall) in the canopy`s spectral response becomes minimal, which is expected to difficult the modelling of forest biophysical parameters by optical satellite imagery. Once the canopy closes, timber volume is associated with the reflectance of the canopy only through changes in LAI (Franklin, 1986; Danson & Curran, 1993) . Puhr & Donoghue (2000) stated that it is very difficult to predict biophysical forest parameters from Landsat TM imagery after canopy closes, as the reflected radiance of a forest is strong dependent of its background class. Their conclusion could be therefore extended to LISS-III data, as this sensor proved to be similar to TM (Chander & Stensaas, 2008; Anderson et al., 2011; Gill et al., 2012) Although the two sensors are in general similar regarding sensitivity to changes in timber volume, a detailed analysis reveals differences in the so-called equivalent bands (Figure 2) , what was already expected as there might be several sources of variability. Differences between two imaging sensors might be caused by a combination of terrestrial target's spectral signature, atmospheric composition and the features of the relative spectral response curve (RSR) of each sensor (Chander et al., 2009 ). It could be also added issues related to the different spatial resolutions and difficulties to accurately register the TM and LISS-III images.
Therefore, a combination of factors works together to influence the reflected radiance detected and stored by an orbital sensor, what may limit the precision of studies aiming at modelling the relationships between biophysical variables and spectral data. In this study, the spectral data accounted for up to 72% of the timber volume variability with LISS-III (Equation N. 5 in Table  2 ) and up to 70% with TM (Equation N. 10 in Table  2 ). R . values between 0.61 and 0.68 in equations predicting timber volume of Eucalyptus sp., whose independent variables came from TM/Landsat 5 imagery.
Regarding transferability of empirical relationships between spectral data and forest parameters, several authors emphasize limitations for such purpose because of the dependence of site and sensor scene (McDonald et al., 1998; Foody et al., 2003; Berra et al., 2012) . Therefore, one sensor cannot simply replace another for observation of the same phenomenon, despite their similarity, without prior analysis of how they are related to each other.
In this study, the similarities of the sensors LISS-III and TM were investigated in terms of their spectral reflectances and their potential to estimate timber volume. By comparing the volume maps (Figure 3 ) it can be seen that classes mapped with aid of TM data do not always correspond to the same classes as mapped with aid of LISS-III in the same area. However, there were no large discrepancies. For example, when LISS-III associated an area with a class 15-25 m³.ha -1 , TM associated the same area with this same class or with an adjacent class rather than a distant one (e.g., 150-200 m³.ha -1 ), which, in turn, resulted in maps not identical but quite similar.
This tendency of similar results between the two sensors is better quantified in Figure 4 . Despite similar trends, the fits are not unbiased and that is most evident at pixel level, where differences were up to around 50%. As discussed previously, there are several factors contributing for the final spectral response detected by each sensor, which will ultimately result in different products (in this case, timber volume estimates). Figure  4 also shows that stand-level estimates presented higher R 2 values than pixel-level ones, what can be attributed to a smoothing out of variability caused by averaging pixel values within a compartment boundary.
In summary, the results achieved point out to a possibility of integration between LISS-III and TM images. In this sense, natural resource assessments that have historically been done with TM data, may find in the LISS-III images an alternative replacement to Landsat series, mainly in the period 2011-2013. Even with Landsat 8 providing high quality images and assuring the Landsat series continuity (Nasa, 2014) , LISS-III/ ResourceSat-1 can play a crucial role as a complement or substitute sensor to Landsat 8. This is because such satellites have different revisit periods and consequently observe the same area on days that are mostly different. Therefore, ResourceSat-1 could be an option for cloudy images from Landsat 8, for example.
Conclusions
The spectral reflectance values from the four spectral bands considered equivalent for sensors LISS-III and TM have, generally, a similar sensitivity to changes in timber volume. Both sensors have also very similar performance for estimating timber volume of commercial forests.
These findings suggest that LISS-III imagery could potentially be used as a complement and ultimately as a substitute to TM data, at least for estimates of forest biophysical parameters. However, one should be fully aware that significant differences may exist, mainly in a per-pixel basis.
Finally, the fact that traditional forest inventory sampling usually covers less than 3% of the planted area and given the synoptic character of satellite images, the use of the methodology here presented may be encouraged to aid in forest inventory of commercial stands.
